Eating disorders are an important and growing health concern, and Bulimia Nervosa (BN) accounts for the largest fraction of eating disorders. BN is characterized by recurrent episodes of "bingeeating" followed by compensatory purging, and is especially serious given its increasingly compulsive nature. However, remarkably little is known about its addictive nature and the factors determining the incidence of BN. We use a unique panel data set to examine whether bulimic behavior satis…es the economic de…nition of addiction. Further, we examine whether BN is a rational addiction in the sense of Becker and Murphy (1988) , where both the lead and lag of bulimic behaviors should help explain current behavior after controlling for observed and unobserved heterogeneity. We …nd there is substantial persistence in BN over time due to state dependence and that this result is very robust to di¤erent model speci…cations and identifying assumptions. Thus BN satis…es the economic de…nition of addictive behavior. Our results have important implications for public policy. They suggest that: i) treatment for BN should receive the same insurance coverage as treatment of other addictive behaviors such as alcoholism and drug addiction; ii) preventive educational programs that facilitate the detection of BN at an early age should be coupled with more intense (rehabilitation) treatment for individuals exhibiting addictive behaviors. Moreover, bulimic behavior also appears to be a rational addiction, although this result is more tentative as the data (and econometric theory) do not permit similar robustness checks. Finally, we …nd that bulimic behavior is decreasing in income and parent's education; moreover when race plays a role, African Americans are more likely to exhibit bulimic behavior. These results stand in stark contrast to the popular conceptions of who is most likely to experience BN, and we argue that this is a result of di¤erences in diagnosis of BN across racial and income classes.
Introduction
Eating disorders are an important and growing health concern in the US. According to the National Eating Disorders Association (NEDA), approximately 9 million women in the US struggle with an eating disorder (ED). To put this in perspective, in 2005, approximately 4.5 million people had Alzheimer's disease and about 2.2 million had Schizophrenia. Bulimia Nervosa (BN) accounts for the highest number of ED incidents and disproportionately a¤ects women. 1 Over the last decade 6 to 8:4% of female adolescents reported purging to lose weight (National Youth Risk Behavior Survey, 2005) , and approximately 2:2% of young women were diagnosed with BN in the unique panel data set we use, the National Heart, Lung, and Blood Institute Growth and Health Study (hereafter the NHLBI Growth and Health survey). 2 Furthermore, the incidence of BN in women aged 10 to 39 tripled between 1988 and 1993, while children reported su¤ering from BN at ever younger ages -the average age of onset dropped from 13-17 years old to 9-12 years old over the same time frame (Hoek and van Hoeken, 2003) .
Bulimia is characterized by recurrent episodes of "binge-eating" followed by compensatory purging. 3 There are serious health consequences from these binge and purge cycles including electrolyte imbalances that can cause irregular heartbeats, heart failure and death, in ‡ammation and possible rupture of the esophagus from frequent vomiting, tooth decay, gastric rupture, muscle weakness, anemia, and malnutrition (American Psychiatric Association, 1993) . The impact on adolescents and children is even more pronounced due to irreversible e¤ects on physical development and emotional growth. 4 This disorder is especially serious given that a primary characteristic of BN is the increasingly compulsive nature of the behavior (Heyman, 1996) . Individuals su¤ering from BN report requiring more of the behavior to produce the same e¤ect, parallel to the behavior associated with drug or alcohol addictions (Bulik et al, 1997b) .
Economists have been increasingly interested in issues of addiction. In this paper we follow in this tradition and use the NHLBI Growth and Health survey to investigate whether bulimic behavior satis…es the economic de…nition of addiction as presented in Becker and Murphy (1988) and further developed in Becker, Grossman and Murphy (1994) . The crucial questions for isolating addictive behavior are i) is there persistence in the behavior and if so, ii) does lagged behavior matter after controlling for observed and unobserved di¤erences across individuals (Heckman, 1981) ? For instance, persistence could arise if once an individual engages in bulimic behavior, it becomes more attractive to do so in the future (state dependence), but on the other hand, repeated bulimic episodes may arise from di¤erences across individuals (individual heterogeneity) that lead to di¤erent propensities to engage in BN. For example, certain women may have strong permanent tastes for bingeing and purging, the propensity to engage repeatedly in bulimic activities could be due to these di¤erences.
In this case bulimic behavior would not re ‡ect an addiction. In this paper, we investigate whether state dependence plays an important role in the persistence of BN over time. Furthermore, if there is evidence of addiction, the question naturally arises of whether the behavior constitutes rational addiction in the sense of Becker and Murphy (1988) . Under rational addiction both the lead and lag of bulimic behavior should help explain current behavior, after controlling for individual di¤erences.
We investigate whether BN should be considered a form of rational addiction. 5 The importance of studying BN in an economic (as opposed to epidemiologic) framework is manifold. First, as noted above, BN is comparable to alcohol and drug addictions, and economists have made substantial theoretical and empirical contributions to the study of addiction. Second, economic models and econometric methodology allow us to address how (and when) state dependence can be separated from individual heterogeneity. Third, economists can contribute to the literature on the relationship between BN and observed individual characteristics. The epidemiological literature often su¤ers from one or more of the following problems: i) focuses only on univariate correlations, ii) uses select samples, or iii) does not attempt to distinguish between correlations and the casual factors behind BN. For example, popular culture portrays BN as a¤ecting relatively a-uent, White women who are highly educated, or come from highly educated family backgrounds. To our knowledge, no empirical evidence exists to con…rm or deny this assertion. Furthermore, since race, family income and parents'education are highly correlated, even if this assertion is true, it is not clear which of these factors is most strongly associated with BN.
The issue of whether bulimic behavior is addictive has important policy implications. If state dependence is the most important cause of persistence in BN, then it is reasonable to instruct a wide range of young women on what constitutes addictive behavior, and urge them to get help if they persistently binge and purge. On the other hand, if individual heterogeneity is the driving force behind BN, then programs focused more narrowly on high risk individuals will probably be most e¤ective. Further, whether BN represents addictive behavior has important implications for …nancial support for treatment. Currently, BN is considered a disorder, not an addiction, and this leads to limited insurance coverage for treatment as compared to alcohol and drug addictions (NEDA, 2008) .
Because the latter are considered addictive diseases, patients are eligible to receive federal, state, and local funds to help with recovery, while insurance companies and employment bene…ts packages are 5 Given that we study adolescent girls, one may ask whether it makes sense to discuss rational behavior. First, note that this criticism is a general one towards using rational addiction to describe smoking, alchohol abuse, or drug abuse, since most individuals addicted to these substances began their use before age 16. Second, economists consider optimal behavior of adolescents in other contexts, such as staying in school or contraceptive use. We do not …nd it far-fetched that adolescent girls may take into account the fact that BN behavior now will make it more di¢ cult to avoid BN behavior in the future. required to provide payment for treatment. 6 The outline of the paper is as follows. In section 2 we present a brief review of the eating disorder literature and discuss the economics'addiction literature. In section 3 we describe the data and present basic statistics on the incidence and persistence of BN. We outline our methodology for studying the incidence of BN and present our static results in section 4. In section 5 we present our methodology and results for the dynamic models of BN. Our empirical …ndings contain several important results.
First, there is substantial persistence in BN over time. Second, under exogeneity assumptions that we believe are reasonable in the current context, we …nd consistent evidence that bulimic behavior re ‡ects an addiction. Indeed, while unobserved heterogeneity plays an important role in the persistence of BN, we estimate that about one half to two thirds of the persistence is due to true state dependence.
Moreover, These results are consistent with those from a number of robustness checks. Third, we …nd that BN is consistent with the Becker and Murphy (1988) de…nition of rational addiction, although we are unable to perform robustness checks due to data limitations. 7 Fourth, we …nd that bulimic behavior is decreasing in income and parent's education; moreover when race plays a role, African
Americans are more likely to exhibit BN behavior. These results are also robust to a number of changes in estimation method and model speci…cation. These results stand in stark contrast to the popular conceptions about BN, and we argue below that this contrast re ‡ects dramatic di¤erences in diagnosing BN across race and income classes. We conclude in section 6.
Literature Review
In April of 2006, the Senate Committee of Appropriations expressed concern about the "growing incidence and health consequences of eating disorders among the population" (Department of Health and Human Services, 2006) . The extent of the problem, while estimated by several long-term outcome studies as being high, remains unknown. Further, while previous studies in the US have demonstrated di¤erences in education and socioeconomic status for the prevalence of obesity (Lauderdale, 2000; Reeder et al, 1997; Robinson et al, 2001) , consistent estimation of the multivariate relationship between factors such as education, social class, and race for the prevalence of BN is relatively rare. The medical literature provides a chemical/biological foundation for the potentially addictive nature of BN but does not address the issue directly. Hudson et al. (2007) examine the distribution of individual characteristics among four groups with di¤erent eating disorders from the National Comorbidity Survey Replication data. These data include individuals who were diagnosed with an ED; hence the results su¤er from an obvious form of selection bias. To the best of our knowledge, Reagan and Hersch (2005) is the only study to estimate the multivariate e¤ects of socioeconomic factors on ED behavior. They investigate the frequency of binge eating (but not purging) using data from the Detroit metropolitan area. They …nd that there are no race and age e¤ects on bingeing behavior, and that marital status, neighborhood, depressive symptoms, and income play a role among women. Our work di¤ers from these two papers along many dimensions: i) we focus on BN (both binge eating and purging), ii) have additional cross-section variables such as parent's education, iii) consider nonlinear estimators appropriate for limited dependent variables, …xed e¤ects estimators, and dynamic models, and iv) have somewhat wider geographic variation. Finally, the focus of our paper is on the potentially addictive nature of eating disorders behaviors.
The increasingly compulsive nature of eating disorders behaviors indicates that BN may represent an addiction. The ED literature indicates that there is biological support for an addictive interpretation of BN and some studies have found that genetic factors may play a role in BN incidence (Lilenfeld et al., 1998; Bulik et al., 2003) . Speci…cally, the auto-addiction-opioid theory posits that ED is an addiction to the body's production of opioids. Starving, bingeing, purging, and exercise increase the body's endorphin levels, resulting in the same chemical e¤ect as that delivered by opiates. Medical research provides further support of this hypothesis. For instance, Bencherif et al., (2005) compare women with BN to healthy women of the same age and weight. Their brains were scanned using positron emission tomography (PET) after injection with a radioactive compound that binds to opioid receptors. The opioid receptor binding in bulimic women was lower than in healthy women in the area of the brain involved in processing taste, as well as the anticipation and reward of eating. This reaction has been found in other studies of addictive behavioral disorders, including drug addiction and gambling. Finally, some studies in the biological literature suggest there may be a genetic component to BN beyond the production of opioids. 8
Furthermore, bulimics appear to persist in their behaviors. For example, 35% of individuals who engaged in bulimic episodes in the past continue to do so (Keel et al., 2005) , and only about half of the patients diagnosed with BN fully recover, many experiencing bulimic episodes for decades.
The seminal papers of Stigler and Becker (1977) and Becker and Murphy (1988) (hereafter BM) showed that addiction can be consistent with forward-looking, rational utility maximizing behavior.
Becker, Grossman and Murphy (1994) (hereafter BGM) used the framework of BM to examine whether addiction to cigarettes is rational, i.e. whether individuals consider that, due to the addictive nature of the behavior, their actions today will a¤ect their future behavior and utility. For addiction to be rational, BM and BGM show that both leads and lags of the behavior should (positively) a¤ect current behavior after controlling for unobserved heterogeneity. Moreover they show that the coe¢ cient on lagged behavior should generally be larger than that on the lead behavior, and as the ratio of the lead coe¢ cient to the lag coe¢ cient approaches one, the implied discount rate approaches zero. 9
8 See for instance, Bulik et al, 2003; Steiger, et al, 2004; and Frank, et al, 2004. 9 BGM …nd evidence of rational addiction in their analysis of smoking behavior. Dockner and Feichtinger (1993) extend the BM model to allow for a more general addiction process where the addictive good accumulates to two di¤erent A number of papers have empirically tested the rational addiction model (see Chaloupka and Warner (2000) for a survey). 10 This literature has focused mainly on addictive behaviors in tobacco use (Chaloupka, 1991; Keeler et al., 1993; Becker, Grossman, and Murphy, 1994; Jones, 1994; Douglas, 1998; Gilleski and Strumpf, 2005; Choo, 2000; Baltagi and Gri¢ n, 2001 ) and alcohol consumption (Walters and Sloan, 1995; Grossman, Chaloupka, and Sirtalan, 1998; Baltagi and Gri¢ n, 2002; Arcidiancono et al., 2007) . Results from these papers suggest that addictions to alcohol and to cigarettes have rational forward looking elements. A few studies have examined addiction to hard drugs (BrettevilleJensen 1999) and to ca¤eine (Olekalns and Bardsley 1996) . Bretteville-Jensen found that individuals who actively use heroin and amphetamines have a higher discount rate than non-users. Finally, with respect to ca¤eine addiction, Olekalns and Bardsley …nd that the BM model …ts well. 11 There is also a small literature examining whether addiction to food elements may be a contributing factor to the rise in obesity. Cawley (2001) is concerned with addictive elements of caloric intake; Richards et al. (2007) of food nutrients; and Rashad (2006) of caloric intake, smoking, and exercise. These papers …nd evidence of a forward looking addiction to calories (Cawley, 2001) and to carbohydrates (Richard et al., 2007) . The large and growing literature on obesity is related to our work in the broad sense that it pertains to food consumption, but otherwise is unrelated given that women su¤ering from BN are characterized by average body weight (Department of Health and Human Services, 2006).
Data
As noted above, we use the NHLBI Growth and Health survey, which involves girls from schools in Richmond, California and in Cincinnati, Ohio, as well as from families enrolled in a health maintenance organization in the Washington, DC area. 12 The survey was conducted annually for ten years, and began in 1988 when the girls were aged 9-10. 13 It contains substantial demographic and socioeconomic information such as age, race, parental education, and initial family income. The data also contain a number of time-varying psychological or personality indices (re ‡ecting potential for personality stocks of consumption capital. 1 0 The Becker et al approach has been criticized because there is no possibility for regret. Departing from rational addiction theory, Zervos (1994), (1995) , and (1998) introduce regret either in a learning framework or in a myopic framework. Gruber and Koszegi (2001) consider that individuals may have time-inconsistent preferences when considering addictive behavior.
1 1 The majority of the papers follow, as we do, the approach of Becker, Grossman, and Murphy (1994) who analyse the …rst order condition for prices and quantities. Some of these papers use aggregated data, while others use micro data. None of the above studies using micro data takes into account in estimation the fact that many observations involve zero consumption of the substance in question, and we address this issue. A few papers (Gilleskie and Strumpf, 2005; Choo, 2000; and Arcidiacono, et al, 2007) estimate dynamic structural models which account for the limited dependent variable nature of the data. 1 2 Unfortunately, because of con…dentiality concerns, the data do not indicate in which of these three sites an individual lives. Selection of potential schools was based on census tract data that showed approximately equal fractions of African American and White children, and the least disparity in income and education between the respondents of the two ethnic groups. The majority of the cohort, selected via the Health Maintenance Organization (HMO), was randomly drawn from a membership list of potentially eligible families with nine (or ten) year-old girls. A small percentage was recruited from a Girl Scout troop located in the same geographical area as the HMO population. 1 3 The attrition rate after ten years was 11%. disorders). These indices play an important role in our analysis, particularly in helping to control for unobserved individual heterogeneity.
A notable aspect of the data is that all individuals were asked a number of questions about their bingeing and purging behavior. For each respondent the data contain an Eating Disorders Inventory index developed by a panel of medical experts, which was designed to assess the psychological characteristics relevant to bulimia (Garner et al., 1983) . Thus a major advantage of these data is that all sample participants are evaluated regarding BN behaviors and a BN eating disorder index is developed for each participant, independent of any diagnoses or treatment they have received. This stands in contrast to many data sets, where often a measure of ED or BN behavior is only available if the respondent had been diagnosed with, or was being treated for, an ED. However, if individuals from certain income or racial groups are more likely to seek treatment for an ED, results based on data from diagnosed individuals can present a very misleading picture of the incidence of EDs. Indeed we present evidence below that suggests this is a very real problem, not just a potential one.
The NHLBI Growth and Health survey was constructed to have equal numbers of African Americans and Whites, and to have approximately equal representation across di¤erent income groups for African Americans and Whites (Kimm et al., 2002) . Thus it is not a nationally representative sample, and is strati…ed by race and income. In our view neither of these are problematic. First, if model coe¢ cients are constant across the country the fact that it is not nationally representative is not an issue; if coe¢ cients di¤er, say across urban and rural locations, it is probably more informative to run separate equations on the urban and rural data, and our results from the NHLBI Growth and Health survey can be thought of as estimating the urban coe¢ cients. Since we treat race and family income as exogenous, there is no bias from stratifying the sample on these variables. 14 To the best of our knowledge the NHLBI Growth and Health survey has not been used previously in economics, so we now describe the data and variable construction in some detail. The data consist of ten waves of 2379 girls. Starting in 1990, the survey contains questions on BN behavior approximately every other year (in waves 3, 5, 7, 9, and 10). The BN questions were developed by a panel of medical experts who were experienced in treating BN patients and familiar with the literature on the disorder (Garner et al., 1983) . The questions were formulated to be consistent with the clinical de…nition of BN. 15 Respondents'answers were categorized and the survey reports an Eating Disorders Inventory Bulimia subscale (hereafter the ED-BN index), which measures degrees of behavior associated with BN. The ED-BN index is constructed based on the subjects responses ("always"=1, "usually"=2, "often"=3, "sometimes"=4, "rarely"=5, and "never"=6) to seven items: 1) I eat when I am upset, 2) I stu¤ myself with food, 3) I have gone on eating binges where I felt that I could not stop, 4) I think about bingeing (overeating), 5) I eat moderately in front of others and stu¤ myself when they are gone, 6) I have the thought of trying to vomit in order to lose weight, and 7) I eat or drink in secrecy.
A response of 4-6 on a given question contributes zero points to the ED-BN index; a response of 3 contributes 1 point; a response of 2 contributes 2 points; and a response of 1 contributes 3 points. The ED-BN index is the sum of the contributing points and ranges from 0 to 21 in our data with a mean of 1.2. A higher score is indicative of more BN related problems (characterized by uncontrollable eating episodes that may be followed by the desire to purge). According to the team of medical experts that developed the index (Garner et al., 1983) , a score higher than 10 indicates that the girl is very likely to have a clinical case of BN. 16 The NHLBI Growth and Health survey also contains questions used to construct four other indices based on psychological criteria. Again, these indices were developed by a panel of medical experts (Garner et al., 1983) . The four additional indices measure a respondent's potential for personality disorders, and below we refer to these indices collectively as the "personality indices."The …rst index is a measure of each girl's dissatisfaction with her body. This index is reported every year and, given the importance body image may play in the incidence of BN behaviors, we describe its construction in detail here. It is a sum of respondents answers to nine items intended to assess satisfaction with size and shape of speci…c parts of the body. Speci…cally, the statements are: 1) I think that my stomach It also is constructed based on the subjects responses ("always=1", "usually=2", "often=3", "sometimes=4", "rarely=5", and "never=6"). 17 This index ranges from 0 to 27, and again a higher score indicates more dissatisfaction. Hereafter we refer to it as the Body Image index.
We also use three additional indices that are based on psychological criteria, measuring tendencies toward: i) perfectionism (hereafter the Perfectionism index) ii) feelings of ine¤ectiveness (hereafter the Ine¤ectiveness index), and interpersonal distrust (hereafter the Distrust index). These indices are available in waves 3, 5, 9, and 10 and thus overlap with the ED-BN index availability, with the exception that the ED-BN index is also available in wave 7. The Perfectionism index is based on subject responses to six items: 1) In my family everyone has to do things like a superstar; 2) I try very hard to do what my parents and teachers want; 3) I hate being less than best at things; 4) My parents expect me to be the best; 5) I have to do things perfectly or not to do them at all; 6) I want to do very well. The subjects are o¤ered the same responses, and the responses are scored in the same way, as in the ED-BN index and the Body Image index. The Distrust and Ine¤ectiveness indices were constructed analogously. For ease of exposition, we provide details on the questions used to form the Ine¤ectiveness and Distrust indices in Appendix A. In all cases a higher score indicates a higher level of the personality characteristic.
We report variable means, standard deviations, and the standard errors for the mean values of the NHLBI Growth and Health sample in Table 1 . Since we have multiple observations on the same respondent for all but the speci…c year entries, we cluster the observations by individuals when calculating standard errors for the mean values. Approximately 2:2% of the girls have a case of clinical BN, which is close to the national average reported from other sources, 18 while the mean of the ED-BN index is 1.2. The average age of the girls over the sample is approximately 14 years, and as expected given the sample design, it is approximately equally distributed across race, income, and parent's education level. 19 Table 2 illustrates the univariate relationship between the demographic variables, the ED-BN index, and the incidence of BN. In the upper panel, for a given demographic group we present the mean, standard deviation, and the standard error of the mean for the ED-BN index in columns 1-3 respectively. Columns 4-6 present the same statistics for the group for the incidence of BN. Again, in each case we cluster the standard errors for the means. Note …rst that as the girls age, both the index and the incidence of BN fall. Interestingly, African American girls have a statistically signi…cant higher ED-BN index and a statistically signi…cant higher incidence of BN than White girls. 20 The ED-BN index and the incidence of clinical BN both decrease as both parental education and family income increase, and again these di¤erences are statistically signi…cant at standard con…dence levels.
These results suggest that EDs are more problematic among African American girls, girls from low income families, and girls from families with lower parental education, and thus stand in contrast to popular wisdom about the incidence of EDs. One possibility is that these univariate results will disappear once we condition on the personality indices, and that some will disappear once we condition on the other demographic variables. However, the results in the next section indicate that most of these demographic di¤erences persist in a multivariate setting with or without conditioning on the personality characteristics indices. Below we discuss why our results are at odds with popular wisdom.
Finally, in the lower panel of Table 2 we present the univariate correlations between each of the personality indices with both the ED-BN index and the incidence of clinical BN. In all cases these 1 8 See for instance, Hudson et al (2007) and National Eating Disorders Association (2008).
1 9 In almost 20% of the individual-wave observations, the girls report being depressed (they were asked about their problems with depression in waves 7 and 9). Those who are depressed have statistically signi…cant higher ED-BN indices and incidence of clinical BN. The high comoribity of depression and ED behaviors is well-documented (see Department of Health and Human Services, 2006). We do not include depression as an explanatory variable in our analysis due to problems associated with reverse causality from BN to depression, for which we do not have an adequate instrument. The issue of reverse causality from BN to depression does not seem to have been recognized in the previous literature. Finally, we present summary statistics on the persistence in the ED-BN index and the incidence of clinical BN to motivate our estimation of dynamic models. To look at persistence in the ED-BN index we consider four categories of the ED-BN index: equal to 0, in the range 1 5, in the range 6 10, and greater than 10. Table 3 provides the transition rates across two year intervals for these categories. 21 Note …rst that the higher ED-BN category, the lower the probability of having an index value of 0 at time t + 2. Second, the higher the category for the index in t, the more likely the ED-BN index lies between 6 and 10 in t + 2. Finally the higher the ED index in t, the more likely is the woman to be in the 11+ category at t + 2, i.e. the more likely she is to have clinical bulimia. If we simply look at the correlation between the index in t and the index in t + 2, we …nd 0:476, which is statistically signi…cant (at the 1% signi…cance level). Finally, the conditional probability of having clinical BN in t + 2 given that a girl has in t is 0:37, while the same probability for someone who does not have clinical BN in t is 0:01. We draw two conclusions from these results. First, there is substantial persistence in the ED-BN index and the incidence of clinical BN, motivating our use of dynamic models. Second, the …rst set of transition rates indicates that a value of the ED-BN index between 0 and 10 is important for predicting the incidence of clinical BN in t + 2, and that simply aggregating the ED-BN index into an incidence of clinical BN would discard valuable information. Indeed our results presented below show that coe¢ cients are of the same sign when we analyze the ED-BN index and the incidence of clinical BN, but the former are much more precisely estimated than the latter.
Econometric Speci…cation and Results: Static Models of Bulimia
We consider results from …ve model speci…cations: i) a linear regression structure that treats a zero value of the ED-BN index as lying on the regression line, ii) a Tobit structure for the ED-BN index, iii) a potentially more ‡exible (than the Tobit model) Ordered Probit structure based on the intervals for the ED-BN index we used in Table 3 22 , iv) a linear probability model for the incidence of clinical BN (i.e. a value for the ED-BN index greater than 10), 23 and v) standard Probit model for the incidence of clinical BN. We …rst use these models to examine the relationship between outcomes and the socioeconomic status (SES) of the respondent. We then augment these models to study the relationship between outcomes and personality indices. We then allow for the possibility that the results are biased by a person-speci…c, time-invariant e¤ect. In the linear models we address this by …rst-di¤erencing while in the nonlinear models we use the Chamberlain (1984)/Wooldridge (2005) (hereafter C/W) approach. To begin we estimate a linear regression (projection) of the observed value of the ED-BN index on the independent variables
where X it is a vector of explanatory variables (demographics and the personality characteristics indices described above) for individual i at time t, a t is a time dummy (which we sometimes drop), i is an individual-speci…c e¤ect and v it is a contemporaneous shock. To begin with we treat i as uncorrelated with the explanatory variables, and cluster the standard errors by individual to control for correlation across time due to individual components and the induced heteroskedacticity in the linear models.
For the Tobit estimates, we assume that the latent variable underlying ED-BN index takes the form
where the change in notation is obvious. The observed value, y it of the ED-BN index is given by
We begin by assuming that i is an independently and identically distributed (across individuals) N (0; 2 )
individual-speci…c random e¤ect and that e it is i.i.d. N (0; 2 e ) (over time and individuals). We then estimate the model by forming a quasi-likelihood of the period by period observations where standard errors are clustered by individual. 24 We compare the regression coe¢ cients to the Tobit partial e¤ects, which are very similar for the static models.
Note that in estimating the Tobit and regression models, we treat the sum of the answers to the ED-BN index questions as a quantitative variable for which the di¤erence between the values of 2 and 3, say, is the same as the di¤erence between values of 7 and 8. We could alternatively consider a model where the ED-BN index takes on 24 ordinal values determined by
While (4) is very ‡exible, it also involves estimating the twenty-two parameters, in addition to the parameters in (1), which we felt would be too many to identify using our data. Instead we estimated an Ordered Probit model (with estimated limit points) as an informal speci…cation test of the Tobit model. The dependent variable takes the form: z it = 0 if the ED-BN index equals 0, z it = 1 if the index is in [1; 5], z it = 2 if the index is in [6; 10], and z it = 3 if the index is greater than 10. Our statistical model is
where the sum ( 2 + 2 e ) is normalized to 1, and
In this approach we estimate the parameters in (5) 
We again maximize the the quasi-likelihood for the Ordered Probit model based on the period-byperiod likelihood function and cluster the standard errors by individual. We compare the sign and signi…cance of the Tobit estimates and the Ordered Probit estimates as an informal speci…cation test; the coe¢ cients are not directly comparable because the variance must be normalized to 1 for the Ordered Probit model with estimated limit points. 26
Next we consider a linear probability model for the incidence of clinical BN (i.e., our dependent variable is w it = 0 if the ED-BN index is less than or equal to 10 and w it = 1 if the ED index is greater than 10); we again cluster the standard errors to allow for heteroskedacity and correlation across individuals. Finally, we estimate a Probit model by maximizing the quasi-likelihood and clustering the standard errors by individuals.
We discussed in section 3 the possibility that the personality characteristics may be driven by time constant genetic factors. If this is the case, the individual e¤ect i will be correlated with the independent variables, and the coe¢ cients on the independent variables will not have a casual interpretation. To allow for this possibility in the regression and linear probability models, we simply …rst-di¤erence. Of course, only the coe¢ cients on the time-changing independent variables can be estimated. Also, as in any …xed e¤ect model, to estimate these equations consistently we need to assume that the personality indices are strictly exogenous, conditional on the …xed e¤ect. 27 In other words, we require that
for all s and l. In particular, this rules out feedback from current values of the error term to future values of the explanatory variables. The strict exogeneity assumption may be more reasonable for the perfectionism, ine¤ectiveness and distrust indices than for the body image index, since a shock to ED behavior today may a¤ect one's body image tomorrow. Thus we also estimate models where we only include these personality indices and exclude the body image index.
In the nonlinear models, we use the C/W …xed e¤ects estimators, where again we need to assume strict exogeneity. 28 Speci…cally, for the Tobit model we assume that i = 1 X i + u i where X i is the vector of means of the explanatory variables, u i iid N (0; 2 u );and E[u is X il j i ] = 0 for all s and l. For example, substituting for i in (2) yields
We again maximize the quasi-likelihood and cluster the standard errors for the nonlinear models.
In Table 4 The results for race and income stand in contrast to popular opinion. Further, as we show below, these …ndings remain even after we condition on personality characteristics. An interesting question is why does this divergence between our results and popular opinion occur? We believe the explanation is straightforward: popular opinion appears to be based on who has been diagnosed with an eating disorder, not (the potentially larger and di¤erent group) of those who exhibit BN behavior. For instance, in a companion paper using data from ADD Health (Goeree, Ham and Iorio, 2008a) , we consider two groups of women: those who are diagnosed with an ED and those who are not necessarily diagnosed but engage in bingeing and purging behavior. We …nd that the incidence of diagnosis is more likely among high-income Whites (consistent with popular opinion), but bingeing and purging behavior is more prevalent among women with demographics consistent with the results from this study. 29 The di¤erence would appear to arise because girls who are African American and/or come from low income families are much less likely to be diagnosed with an ED conditional on having an ED. These results illustrate the importance of having objective information on behavior rather than relying solely on data on diagnoses.
The results from the Ordered Probit model are very similar to those from the Tobit in terms of the signs and signi…cance of the coe¢ cients, but as one would expect the Tobit coe¢ cients are signi…cant at higher con…dence levels (since they are based on less-aggregated data). Finally, the Probit partial e¤ects and LPM results (in the last two columns) are relatively similar (to each other), and have the same sign as the Tobit and Ordered Probit results. However fewer estimated coe¢ cients are statistically signi…cant in the Probit and LPM results, and the signi…cance is at lower con…dence levels. The fact that we have substantially fewer signi…cant coe¢ cients in the Probit and LPM estimates is again expected, since they use much less information per person than the other methods. Indeed, our estimates illustrate the importance of not simply focusing on whether an individual is diagnosed with ED-BN for understanding the determinants of this disease. When we include time dummies (the lower panel of Table 4 ), only the coe¢ cients for age are a¤ected, and these coe¢ cients are now noisily estimated. This latter result is not surprising given we do not have much variation in age at the start of the sample, so the girls in our sample tend to act like a single cohort, and it is well known that one cannot estimate vintage and time e¤ects for a single cohort.
We next look at the e¤ect of the personality characteristics indices on the ED-BN index, holding constant the demographic variables. It is well known in the medical literature that patients diagnosed with BN are likely to su¤er from other psychiatric disorders. 30 The most common comorbidities include depression, anxiety, substance abuse, and personality traits such as high tendencies toward perfectionism, poor body image, feelings of ine¤ectiveness and interpersonal distrust issues. The source of the high comorbidities is not known, but some studies suggest that common familial or genetic factors may be responsible (Walters et al., 1992; Wade et al., 2000; Mangweth et al., 2003) . Further, it is plausible that for body image concerns, the causality may be reversed -high levels of the ED-BN index, i.e. abusing food, may lead to a poor body image. This possibility does not seem to have been noted previously in the literature. Table 5 contains the results for the linear model where personality indices are included as explanatory variables and the year dummies are dropped; again in all speci…cations we cluster the observations by individuals when calculating the standard errors. We begin by estimating the model in levels and column (1) presents results with the distrust, ine¤ectiveness and perfectionism indices used as explanatory variables. We exclude the body image index from column (1) since it may be more susceptible to reverse causality issues than the other personality indices, but include it in column (2), while in column (3) we include only the body image index. Note …rst that race, age and family income, but not parental education, are still statistically signi…cant when we condition on personality indices, independent of which ones we condition on. Second, the ine¤ectiveness, perfectionism and body image indices, but not the distrust index, signi…cantly a¤ect the ED-BN index in the direction expected.
Third, the e¤ects of increases in the personality characteristics are not trivial. A …ve point increase in the ine¤ectiveness index and perfectionism index increase the ED-BN index by about 1.0 and 0.7 respectively, while a …ve point increase in the poor body image index increases the ED-BN index by about 0.2. Columns (4)-(6) report the …rst di¤erence estimates of the equation, which allow for common unobserved familial or genetic factors that a¤ect both the personality indices and the ED-BN index. These results are very similar to those from the level estimates, except that now distrust is statistically signi…cant and has a negative sign, while we would have expected that if signi…cant, it would have had the opposite sign. (The demographic variables are only measured at the start of the survey and thus drop out of the …rst di¤erence model.) Columns (7)-(9) present the results with C/W type …xed e¤ects, where again the signs and signi…cance of these estimates are reassuringly similar to the …rst di¤erence estimates. This comparison is helpful since it suggests that parameter estimates in the nonlinear models are being biased by the more restrictive assumptions necessary to use the C/W approach, since we cannot …rst di¤erence in the nonlinear models. Table 6 contains the partial e¤ects for the Tobit model when we include the personality characteristics as explanatory variables. The results are virtually identical to those from the linear model except that the distrust variable has a signi…cant positive coe¢ cient in the levels equation and an insigni…cant coe¢ cient in the …xed e¤ect speci…cation, which is much more in line with our expectations for this coe¢ cient. The Ordered Probit estimates in Table 7 are very similar in sign and signi…cance to the Tobit estimates. The LPM and Probit partial e¤ects for clinical BN (i.e. ED-BN index greater than 10) estimates are given in Tables 8 and 9 , respectively; they are also similar to the Tobit model estimates in terms of the impact of personality characteristics, which are still very signi…cant even though we are only exploiting zero-one information on the outcome variable.
Persistence of Bulimia: The Role of State Dependence and Unobserved Heterogeneity
In this section we consider dynamic models of addiction. We use the same …ve estimation methods as in the previous section. Our goal is to study the degree of persistence in bulimic behavior, and to decompose this persistence into that due to state dependence (i.e., BN behavior in the past has a casual e¤ect on BN behavior this period) and that due to unobserved heterogeneity (i.e., some girls have persistent traits that make them more prone to bulimic behavior.)
Standard Models of Addiction
We begin with the most basic model
where y it 1 is the lag of the observed value of the ED-BN index and we have dropped the year dummies for ease of exposition. 31 The least squares estimate of 1 will re ‡ect both unobserved heterogeneity and state dependence unless i drops out and v it is not correlated over time. To reduce the role of heterogeneity we …rst include current explanatory variables X it to obtain
Conditioning on X it should diminish the role of i and make it less likely that v it is correlated over time.
However if i is still part of the error term, then the least squares estimate of 1 will continue to re ‡ect, in part, unobserved heterogeneity. To allow for the presence of an individual-speci…c term i which is uncorrelated with X it and its lags, we consider 2SLS estimates of (10) where X it 1 are instrumental variables (IV); under these assumptions the estimate of 1 will re ‡ect only state dependence. 32 3 1 If we add time dummies in any dynamic model the only real change is that age becomes very insigni…cant.
3 2 In theory we could use additional lags of the explanatory variables as IV but this would reduce our sample size considerably.
However, if i is correlated with X it and its lags, then following Arellano and Bond (1991) we must …rst di¤erence (10) to obtain
and estimate the parameters by 2SLS using X it ; X it 1 , X it 2 ; and y it 2 as IV. 33 This allows us to obtain a structural estimate of 1 that re ‡ects only state dependence when i is correlated with X it and its lags.
For the Tobit model, we consider the simplest latent variable equation
where i are (unobserved) individual-speci…c random e¤ects and e it is an uncorrelated (over time) error term, both of which are normally distributed. Again we want to estimate ' 1 as a structural parameter representing state dependence. However, the estimate of ' 1 will capture both heterogeneity and state dependence unless i drops out of the index function. To address this issue, …rst we add explanatory variables X it to diminish the role of i
Next we follow Wooldridge (2005) and model i as a function of the mean values of the explanatory variables (X) and the initial condition (y i0 ). This yields
where now the estimate of ' 1 re ‡ects only state dependence.
We also again estimate a dynamic Ordered Probit model as an informal speci…cation check on the 
We again estimate the parameters and the limit points of (13) and start by ignoring the correlation between e z it 1 and i and obtain an estimate of 2 that re ‡ects both heterogeneity and state dependence. Next we add the explanatory variables, and …nally we use the Wooldridge (2005) procedure to obtain an estimate of 2 that only re ‡ects state dependence. Persistence in this model is described by the 4 by 4 transition matrix with elements given by Pr(z it = k j z it 1 = j for k; j = 0; ::; 3)
For the dynamic (standard) Probit model of clinical BN (an ED-BN index greater than 10) we consider
We can obtain an estimate of 1 that only re ‡ects state dependence by using Wooldridge (2005) . If we consider the LPM version of this equation
all of the estimation methods available with the linear estimator can be used to estimate the LPM. (3) and (4)). The Distrust index is statistically insigni…cant, but the other three indices are statistically signi…cant and have the expected sign. In columns (5)- (7) we estimate the levels equation by 2SLS, and obtain a highly signi…cant lag coe¢ cient of around 0.2. The other coe¢ cients have the expected sign, except that now distrust again has a negative and statistically signi…cant coe¢ cient. Note that these estimates are consistent if the individual e¤ect is uncorrelated with the explanatory variables. To relax this zero correlation assumption, we present the ArellanoBond approach of di¤erencing before using 2SLS and present the results in column (8). We are only able to use the body image index (lagged two periods) as an IV because the other personality indices are missing in wave 7. We also use the dependent variable (ED-BN index) lagged two periods as an IV. We …nd a lag coe¢ cient estimate of 0.22, where the coe¢ cient is still very statistically signi…cant, while the body image index has the expected positive sign and is statistically signi…cant. The evidence in columns 5-8 provides strong evidence that BN should indeed be considered an addiction. Further, loosely speaking about half the persistence in the ED-BN index is due to state dependence, Indeed, the results suggest that roughly half the persistence in the behavior is due to true state dependence.
The Tobit partial e¤ect estimates are given in Table 11 . The lag coe¢ cient decreases as we condition on explanatory variables and add a …xed e¤ect. Interestingly, the estimated partial e¤ects of the lag of the ED-BN index when we do not have a …xed e¤ect are considerably smaller than the lag coe¢ cients from the OLS regressions, but the …xed-e¤ect Tobit partial e¤ects of the lagged ED-BN index are quite similar to the IV lag coe¢ cients (with and without di¤erencing) from the linear models. Comparing the partial e¤ects in columns (5) through (7) to those in (1), we would estimate that about two thirds of the persistence is due to state dependence. the only other di¤erence between the relevant Tobit partial e¤ects and the IV regression results is that the distrust variable is no longer statistically signi…cant. Reassuringly, the Ordered Probit estimates in Table 12 tell a similar story to the Tobit model in terms of sign and signi…cance. (Recall that it is not helpful to calculate partial e¤ects for this model so the results are not comparable in terms of magnitude to the Tobit partial e¤ects in Table 11 .) The LPM model estimates for clinical Bulimia are in Table 13 and the Probit partial e¤ects are in Table 14 . These results suggest that the dynamic model is too rich for the 0-1 data, since the IV regression coe¢ cient on the lagged dependent variable is only signi…cant if we di¤erence the data, while the Probit partial e¤ects for the lagged incidence of BN are never signi…cant when we include the …xed e¤ects. One may want to use these estimates to argue that BN is not an addiction, but we would point out the that insigni…cant coe¢ cients and partial e¤ects on the lagged incidence of BN all have very large con…dence intervals; in other words they are imprecisely estimated 'zero'coe¢ cients Note that our …nding that BN is an addiction is consistent with much the scienti…c evidence discussed above. It is also consistent with that fact that treatment for individuals with BN is most e¤ective if given early in the illness. The recovery rate is close to 80% if treated within the …rst 5 years, the rate falls to 20% if treatment is delayed until after 15 years (Reas et al., 2000) . If state dependence was not important in the persistence of BN, the recovery rate should be independent of duration of BN.
Models of Rational Addiction
Finally we estimate the rational addiction model of BG and BGM. As noted above, to estimate this model we include both the lead and the lag of the dependent variable. We consider only the linear estimates because i) the Wooldridge (2005) procedure has not been extended to include lead dependent variables and ii) the LPM coe¢ cients are very noisy, indicating that the model data are not rich enough to estimate the model if we use only binary information of who has clinical BN. (The latter result is not surprising given that the data are not rich enough to estimate the standard dynamic LPM model).
Thus we consider the model
where we anticipate that 1 > 0 and 2 > 0: Further, if the implied interest rate equals zero then 1 = 2 ; while it is positive if 2 < 1 ; where the di¤erence in the coe¢ cients grows as the discount rate grows. We estimate the model by 2SLS and use one lag and one lead of the body image index as IV (that are excluded from the structural equation) for the case where we assume i is uncorrelated with the body image index; we do not attempt to estimate the model without this assumption. We cannot use leads and lags of the other personality indices since these are not available in wave 5. 34 Column (1) of Table 15 presents the benchmark case where only the lag and lead (treated as exogenous) are included as explanatory variables. Not surprisingly, they are both highly positive and signi…cant. Columns (2) and (3) present the results when add the explanatory variables but the lag and lead of the dependent variable are still treated as exogenous. The lead and lag of the dependent variable continue to be very signi…cant, although the magnitude is somewhat lower. The corresponding 2SLS estimates (treating the lag and lead as endogenous) are in columns (4) and (5), using the lead and lag of body image as instruments. Note the magnitude of the lead and lag coe¢ cients has fallen by about half, and both coe¢ cients are positive as predicted by theory. The lead coe¢ cient is slightly bigger than the lag coe¢ cient, and thus at the point estimates we implicitly are estimating suggest a slightly negative discount rate. However the con…dence interval for ( 1 2 ) is [ 0:278; 0:237] in column (4) and [ 0:239; 0:214] in (5), which includes many positive values of the discount rate. This wide con…dence interval would seem to be another example of the di¢ culty in precisely estimating discount rates. Note that we are unable to conduct the robustness checks we used for the static model and simple dynamic model
Conclusions
We use a unique dataset and several estimation methods to examine the addictive nature of BN among adolescent girls. This dataset has the advantage that it contains panel data on individual behavior relating to BN, and our use of it produces a number of important results. First, and perhaps most importantly, we …nd that bulimic behavior is addictive. That is, BN does indeed satisfy the economic de…nition of addiction, i.e. lagged bulimic behavior matters once one controls for individual heterogeneity. Indeed we …nd that over half the persistence in BN is due to the addictive nature of the behavior (state dependence), but that unobserved heterogeneity is still important. Our results are robust to di¤erent estimation methods and identifying assumptions and are consistent with recent scienti…c …ndings.
Our results suggest a two-pronged policy approach to addressing bulimic behaviors. Since state dependence is the most important cause of the persistence in BN, it is important to instruct a wide range of young women on the addictive nature of BN and the importance of getting help, even at the initial stages of bingeing and purging behaviors. In addition, since individual heterogeneity is also important, programs focused more narrowly on high risk individuals are also likely to be e¤ective.
Further, our results strongly suggest that BN should be treated as an addiction, rather than only as a disorder, as is currently the case. This change would put those exhibiting BN on equal footing (from a treatment reimbursement perspective) with individuals abusing drugs or alcohol, which would make those with BN eligible to receive federal, state, and local funds to help with their recovery, and require insurance companies and employment bene…ts packages to provide payment for treatment for BN.
Second, we …nd that BN is consistent with rationally addictive behavior in the sense of Becker and Murphy (1988) , since both the lead and lag of bulimic behaviors help explain current behavior after controlling for individual heterogeneity. However, we must make a number of caveats for this …nding.
First, for the linear models we can only use one estimation method and one identi…cation strategy, unlike our work simply looking at BN as an addiction. Second, there are no appropriate econometric estimators for nonlinear models of rational addiction. Third, readers may object to treating the decisions of those under 16 years of age as 'rational.' On this latter point we would simply note that most alcoholics, drug addicts and smokers start their use before age 16, so that this criticism would apply to many investigations of rational addiction. Further, as economists we often model adolescents as making rational choices on contraceptive methods and school participation decisions.
Finally, surprisingly little is known about the factors determining the incidence of BN, and we …ll this gap in the literature. We …nd that BN behavior is decreasing in income and parent's education; moreover when race plays a role, African Americans are more likely to exhibit bulimic behavior. These results stand in stark contrast to the popular conceptions about BN. Based on evidence here and in Goeree, Ham and Iorio (2008a) , we argue that this disparity occurs because a-uent white teenage girls are much more likely to be diagnosed with BN conditional on having it. This in turn has the important implication that much greater outreach for treatment of BN be made to non-Whites and individuals from low income families. Notes: Income is in 1988$ * ranges from 0 to 27 (maximal dissatisfaction); ** ranges from 0 to 21 (maximal distrust); *** ranges from 0 to 29 (maximal ineffectiveness); **** ranges from 0 to 18 (maximal perfectionism) Notes: Standard errors robust to both heteroskedasticity and intra-individual correlation are in in parenthesis in columns (1) and (5). Standard errors robust to intra-individual correlation are in parenthesis in (2), (3),(4). * indicates significant at the 10% level; ** at 5%; *** at 1%. Notes: Standard errors are in parenthesis. In columns (1)-(3) standard errors are robust to heteroskedasticity and intra-individual correlation.* indicates significant at 10%; ** at 5%; *** 1%. Instruments for 2SLS estimates are lag and lead of Body Image.
Tables

ED-BN Index Clinical Bulimia
